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In this study we propose an operating conditions-based preventive maintenance
(PM) approach for computer numerical control (CNC) turning machines. A CNC
machine wears according to how much it is used and the conditions under which
it is used. Higher power or production rates result in more wear and higher failure
rates. This relationship between the operating conditions and maintenance
requirements is usually overlooked in the literature. On CNC turning machines
we can control the machining conditions such as cutting speed and feed rate,
which in turn affect the PM requirements of the CNC machine. We provide a
new model to link the PM decisions to the machining conditions selection
decisions, so that these two decision-making problems can be solved together
by considering their impact on each other. We establish that our proposed
geometric programming model captures the related cost terms along with the
technological restrictions of CNC machines. The proposed preventive
maintenance index function can be used to provide an intelligent CNC machine
degradation assessment.
Keywords: Preventive maintenance; Condition-based maintenance; CNC mach-
ines; Machining conditions selection; Geometric programming
1. Introduction
Preventive maintenance (PM) is a set of tasks that are designed to preserve and
increase equipment reliability. An ideal PM program for a piece of equipment
provides a significant increase in its production capability by preventing failures.
In PM applications, when to overhaul a machine is a critical decision. We can
observe, even in our everyday life, that if we run a machine under harsh conditions
we need to inspect and repair it more often. This relationship between the operating
conditions of a machine and its preventive maintenance requirements is usually
overlooked in the literature on the process planning and scheduling problems of
computer numerical control (CNC) machines. In this paper we propose a new
method to use this relationship to develop a condition-based maintenance policy
for CNC turning machines.
Based on a survey of plant managers and maintenance managers, Swanson (1999)
concludes that advanced manufacturing technology requires more extensive use of
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preventive maintenance and computerized maintenance management systems
(CMMS). On CNC cutting machines, machining conditions (such as cutting speed
and feed rate) are controllable variables. These machines require careful scheduling
of operations, tool changes and maintenance to achieve maximum utilization. Since
the machining conditions for an operation determine the processing time and the
cutting power applied on the machine, they influence the deterioration and its failure
risk. Therefore, by applying a machining conditions-based PM to these machines,
we can improve their reliability and productivity.
Further motivation for this study is to provide a PM decision tool for a CMMS,
namely MAXIMO, which is one of the most popular pieces of CMMS software.
Based on the framework provided in this study, an add-on module can be incorpo-
rated into CMMS that determines the machining conditions of the manufacturing
operations and simultaneously schedules the required PM visits. We know that
higher production rates (or shorter processing times) on a CNC machine result in
greater deterioration and more frequent PM visits in general. Advances in cutting
tool materials and design will increase the cutting speeds at which machining is
carried out and consequently reduce the machining time. For example, the effective-
ness of ceramic cutting tools is only realized at high cutting speeds. In this study, our
aim is to demonstrate the relationship between the PM needs and the operating
conditions using a new PM index for a CNC turning machine. This proposed
index is calculated for each manufacturing operation that will be processed on the
CNC machine and it indicates the PM need of the machine caused by this particular
manufacturing operation. The sum of the PM indices of the operations completed
since the last PM visit is an indicator for the current PM need of the machine.
Based on this, we propose a condition parameter to be monitored to schedule
PM visits on the CNC machine.
In the literature there are various studies that focus on implementing effective
condition-based maintenance approaches. Nolden (1987) discusses predictive main-
tenance programs that use sophisticated devices (vibration monitoring, wear particle
analysers, etc.) to predict failures and problems while the machine is running. Jardine
(2002) reviews strategies for implementing smart condition monitoring decisions and
focuses on identifying the key risk factors among the signals that are obtained during
condition monitoring. Wang (2000) reports a model to determine the optimal critical
level and condition reading interval in condition-based maintenance for a criterion
of interest. Banjevic et al. (2001) present a control-limit policy and software for
condition-based maintenance optimization. Mitchell (1999) surveys the history of
condition monitoring and condition-based maintenance. The main question with
respect to condition-based maintenance approaches is: how we can define and
measure a selected parameter that will help us to understand equipment prognostics?
Iakovou et al. (1999) report a throughput-dependent periodic maintenance policy for
a general production unit using a Markov decision model. It was based on the idea
that higher throughput rates result in greater deterioration of a production system.
In the literature there are also studies that integrate PM decisions with various
production control decisions. Cassady and Kutanoglu (2003) consider preventive
maintenance planning and production scheduling decisions simultaneously so that
the total weighted tardiness of jobs is minimized. Kelly et al. (1997) compare
the performance of various maintenance policies in conjunction with two-stage
scheduling rules in a cellular manufacturing environment.
































In the existing PM approaches, an important parameter is the fixed and known
mean time to failure (MTTF), which comes from a certain probability distribution
function. This makes sense if we always run the CNC machine at the same cutting
speed and feed rate for every manufacturing operation regardless of the work mate-
rial, surface finish requirements, etc. But, in reality, we can easily change the cutting
parameters (i.e. increase or decrease the cutting speed and/or feed rate) to optimize
some performance measure. In this study we propose a condition-based maintenance
approach. Our main aim is to develop a condition parameter that can be used to
determine the PM need of a CNC machine as a function of the machining conditions
that we choose for each manufacturing operation.
Mathematical models and solution methods for various machining conditions
selection problems for the turning operation are covered by Hitomi (1996).
Machining conditions (such as cutting speed and feed rate) identify the cost and
production rate for an operation. Malakooti and Deviprasad (1989) formulate the
machining conditions selection problem as a multi-objective decision-making
problem. Three conflicting objectives of minimizing total cost, production time
and surface roughness are considered simultaneously and a heuristic approach is
discussed. Gopalakrishnan and Al-Khayyal (1991) provide an analytical tool for
the selection of machining conditions in the turning process to minimize total cost
of machining and tooling. In these approaches, Taylor’s tool life formula is used to
represent the relationship between the cutting speed and tool life (Groover 2002).
Recent studies of machining conditions selection problems take into considera-
tion the stochastic nature of the tool life, and relate it to the tool replacement
decisions. It is widely agreed that considering the stochastic nature of the tool life
gives more accurate results. This idea is supported by the study of Fenton and Joseph
(1993), who perform a simulation study to compare deterministic and stochastic
approaches. Iakovou et al. (1996) propose models to determine the optimal cutting
speed selection and tool replacement policy in machining economics for certain tool
life distributions. Kaspi and Shabtay (2003) study the machining economics problem
together with the tool replacement strategies for a multi-stage transfer machine.
As discussed in Gray et al. (1993), the preventive maintenance and tool replacement
decisions are solved at the different levels of the decision-making hierarchy such that
the preventive maintenance decisions are handled at a higher level than the tool
replacement decisions. In general, there could be several tool replacements
(either due to tool wear or change in a part mix) in between two successive preventive
maintenance activities. Our proposed model for the preventive maintenance
decisions in this study assumes the failure replacement strategy to be applied for
the tool replacement decisions.
The studies that consider the stochastic tool life generally assume that there is a
single tool type that is used to machine a set of identical parts. Consequently, all the
parts use the same operating conditions, such as a constant cutting speed and feed
rate on a given machine. This might be an acceptable assumption for tool replace-
ment decisions that are solved in a shorter planning horizon (probably in terms of
several hours), but may not be realistic for the preventive maintenance decisions that
are usually solved for a longer planning horizon that includes several weeks.
Moreover, we usually deal with a low-volume and high-variety production in
a flexible manufacturing environment where each job may have a different
length, diameter, material type, depth of cut or surface finish requirements.
































Furthermore, each job may require a different type of cutting tool. Therefore, we
have to make cutting speed and feed rate decisions for each manufacturing operation
independently by solving operation-specific machining economics problems having
different objective function parameters and constraints. To the best of our knowl-
edge, for such a low-volume high-variety production, our study is the first attempt to
consider a condition-based maintenance policy in a machining economics model.
In the next section we first characterize the mathematical relationship between
the PM cost and production rate for a CNC turning machine. We introduce a new
PM index for a manufacturing operation and demonstrate how this index can be
used in a condition-based maintenance policy. In section 3 we discuss the machining
conditions selection problem of minimizing manufacturing and PM costs simulta-
neously for a single machining operation, and derive an optimality condition for the
problem. In section 4 we provide an algorithm for solving the joint problem.
In section 5 a numerical example is presented. Finally, in section 6 we investigate
the impact of using different objective functions in the machining conditions
selection problem on the scheduling performance of a CNC machine.
2. Proposed PM index
The notation used throughout the paper is as follows.
Parameters
A, B, k, T coefficients and exponents for the proposed PM index function
j, j,  j speed, feed, depth of cut exponents for tool j
Kj Taylor’s tool life constant for tool j
Cm, b, c, e specific coefficients and exponents of the machine power constraint
Cs, g, h, l specific coefficients and exponents of the surface roughness constraint
Co operating cost of the CNC machine ($/min)
Ctj cost of tool j ($/tool)
Di diameter of the generated surface for operation i (in.)
di depth of cut for operation i (in.)
H maximum available machine power (hp)
Li length of the generated surface for operation i (in.)
Si maximum allowable surface roughness for operation i (min.)
CPM cost of a PM visit ($/visit)
pm duration of a PM visit (min)
tr tool replacement time (min)
Decision variables
vij cutting speed for operation i using tool j (fpm)
fij feed rate for operation i using tool j (ipr)
Dependent variables
tmij processing time of operation i using tool j (min)
ri production rate of the machine for operation i (part/min)
Zij expected tool life of tool j for operation i (min)
Uij expected usage rate of tool j for operation i
Pij PM index for operation i when tool j is used
































On a CNC turning machine there is a set of jobs to be processed and each job
corresponds to a metal cutting operation that can be performed by a different cutting
tool. The processing time of an operation can be decreased by increasing the cutting





During operation there is a continual wearing action that occurs on the cutting
tool. This wear leads to failure. We assume a failure replacement strategy for the tool
replacement decisions, so that a tool is replaced only when it fails, i.e. a predeter-
mined level of tool wear is reached. Shabtay and Kaspi (2002) discuss the failure
replacement strategy for tool replacements on cutting machines. The time between
two successive tool replacements, or the expected tool life for a given operation, can
be approximated by Taylor’s tool life formula. For further discussion on Taylor’s
tool life formula, we refer to Groover (2002). Expected tool usage for a cutting
operation can be calculated using the above processing time equation and the














In order to increase the production rate on a CNC turning machine at a given
time period we need to run the machine at higher power levels due to the increased
cutting speed and feed rate. This means a greater force and a higher temperature
acting on the machine. Therefore, more wear takes place on the machine and the risk
of sudden failure increases. The machine needs to be overhauled more often, which
results in a higher PM cost. At higher production rates, the machine is more sensitive
and unstable, so that increasing the production rate further causes greater deteriora-
tion and higher failure risks. At higher production rates, the marginal increase in the
PM cost is higher.
Moreover, if a machine is idle, we have to service it so as to keep it ready to
operate whenever necessary and to prevent wear over time. An idle machine must be
cleaned and inspected periodically, so that it is not left to wear out on the shop floor.
Therefore, for a given time period we have a fixed minimum PM cost even when the
production rate is zero.
In this study, we assume that, for a given operating time period T for a CNC
turning machine, the form of the PM cost function is
PM cost ¼ Aþ Brk, ð3Þ
where r is the production rate of the machine (parts/min) and A is the PM cost of the
machine when it is idle for an operating time period of T. B and k are dependent on
T and on the cost of a single PM visit, CPM. These parameters are specific to the
considered machine’s condition. An older machine would have higher B and k since
it would require more frequent PM visits. They are also affected by the
hardness (or strength) of the required cutting tool and work material combination.
Similar to Taylor’s tool life formula, we can determine the constant parameter B and
exponent k empirically based on past shop floor data. Furthermore, this function is
increasing and convex, so we have B > 0 and k 1. We can express the production
































rate of the machine for each operation as r ¼ 1=tm. Then, our cost function can be
written as
PM cost ¼ Aþ B=t km: ð4Þ
As we know the total PM cost for an operating period of length T and processing
time tm for the operations in this period, under the failure replacement strategy for
tool replacement decisions we can find the expected PM cost per operation by
dividing the total PM cost for the period by the expected number of operations
completed in the period, which is n ¼ T=ðtm þ tr U Þ. Then we can calculate the
expected PM cost per operation:
PM cost per operation ¼
1
T










We now derive a PM cost function of an operation from the PM cost function for
a machine by assuming that the machine runs at a constant production rate for
operating time T. However, in practice we do not operate all of the operations
at the same production rate. Each operation’s machining conditions are decided
individually based upon the work material and design parameters. While performing
these operations with different processing times, we need a measure to estimate each
operation’s contribution to the PM need of the CNC machine. For a further
discussion on the set of tasks to be performed in a typical PM visit of a CNC
machine, we refer to Higgins et al. (1995). We assume that the PM visit cost
(CPM) is constant for all visits. We determine the contribution of an operation to
the PM need of a machine using the ratio of the PM cost of an operation to CPM.
This is a value between 0 and 1, and gives a measure of what proportion of a PM visit
cost is due to the considered manufacturing operation. The general expression for























































For a set of operations that are processed sequentially, we can easily calculate
the PM index for each operation and use these indices to schedule the required PM
visits. When the sum of the PM indices of the operations completed since the
previous PM visit reaches 1, we schedule a PM visit. Let us demonstrate these calcula-
tions on a small example. Suppose that we have a PM index function for the jobs on a
CNC machine where A¼ 5, B ¼ 1800, k ¼ 2:5, CPM ¼ 5, T ¼ 750 and tr ¼ 1.












































If we set (v, f ) of an operation to achieve tm ¼ 2 and U¼ 0.01, then the PM index
is equal to 0.173. Then we have to make a PM visit after ð1=0:173 ¼ 5:78Þ
(or approximately after five jobs). If we operate at tm ¼ 4 and U¼ 0.005, then
the PM index is 0.065 and we have to maintain the machine after 15 jobs (since
1=0:065 ¼ 15:38).
We define the PM cost of an operation as a function of the machining conditions
(v, f ). In the next section, we will discuss how we can calculate the machining
conditions for each manufacturing operation.
3. Single machining operation problem (SMOP)
In the preceding sections we have derived mathematical expressions for the PM cost
and the PM index of an operation. The main idea behind the single machining
operation problem (SMOP) is to determine the optimum machining conditions
(i.e. cutting speed and feed rate) for each manufacturing operation to optimize
some performance measure subject to the constraints that the selected machining
conditions do not exceed the available machine power and cutting tool life and
satisfy the necessary quality requirements for each operation. To the best of our
knowledge, maintenance-related cost parameters are not considered in the SMOP
formulations in the existing literature. Gopalakrishnan and Al-Khayyal (1991) and
Akturk and Avci (1996) are two examples that study the SMOP with only machining
and tooling cost terms. We provide a new mathematical model for the SMOP that
includes a PM cost term in the objective function and prove an optimality condition
for the new problem. Moreover, we present a new solution procedure to solve this
problem in section 4.
On a CNC turning machine, for a given operation i using tool j, we have three
cost terms, the machining cost, the tooling cost and the PM cost. The machining cost
is a function of the processing time. The tooling cost is a function of the expected
tool usage and the PM cost is a function of the PM index. We can control the
processing time, the expected tool usage and the PM index for each operation by
controlling the cutting speed and the feed rate of the cutting operation on a CNC
turning machine.
The geometric programming (GP) model for the problem is as follows:


































































ij  1 (surface roughness constraint),










þ CPMP2, C3 ¼ CPMP3,


















On a CNC turning machine, for each operation, we can set the cutting speed and
the feed rate within some constraints. These constraints are due to the technical
limitations of the machine and the tool and the design requirements for the part.
The first constraint is the tool life constraint, which sets an upper bound for the tool
usage, Uij, that will occur by the cutting operation. As vij and fij increase, tool usage
increases. The second constraint is the machine power constraint due to the
maximum available horse power of the CNC machine. As vij and fij increase, more
horse power is required to perform the metal cutting operation. The last constraint
is the surface roughness constraint due to the part’s design requirement. It sets the
maximum allowable surface roughness for each operation. As vij increases, surface
roughness decreases, and as fij increases, surface roughness increases. These
constraints limit the applicable vij and fij values for each operation.
In the literature, only the machining and the tooling costs are considered and
a corresponding GP model is provided. Here, we additionally include the PM cost
in the objective function. Since the PM cost term is a function of ðvij, fijÞ, the math-
ematical model for the new problem is still a GP model. Even so, this new problem is
more difficult to solve due to the additional PM cost terms in its objective function.
Figure 1 shows an example of the feasible region for SMOP. The region under
the constraints is the feasible region where we can select the cutting speed and
the feed rate.
Given the above GP model, we will derive conclusions concerning the optimal
solution to the problem by using duality and complementary slackness properties.
The dual of a geometric program has linear constraints. This, together with
complementary slackness properties, will help us to solve this problem. Denoting
the dual variables by Y1,Y2, . . . ,Y7 the dual formulation for the SMOP problem

















 ðC 0t Þ
Y5  ðC 0mÞ
Y6  ðC 0sÞ
Y7 ,

































Y1 þ Y2 þ Y3 þ Y4 ¼ 1, ð9Þ
 Y1 þ ðj  1Þ  Y2 þ ðk 1Þ  Y3 þ ðþ k 1Þ  Y4 þ ðj  1Þ
 Y5 þ b  Y6 þ g  Y7 ¼ 0, ð10Þ
 Y1 þ ðj  1Þ  Y2 þ ðk 1Þ  Y3 þ ðþ k 1Þ  Y4 þ ðj  1Þ
 Y5 þ c  Y6 þ h  Y7 ¼ 0, ð11Þ
Y1,Y2,Y3,Y4,Y5,Y6,Y7  0:
The first four dual variables, Y1, Y2, Y3 and Y4, correspond to each of the primal
objective function terms. Therefore, their summation must be equal to 1, also known
as the normality constraint, as stated in the first dual constraint. The other dual
variables, Y5, Y6 and Y7, correspond to the primal problem constraints.
Furthermore, there is a dual constraint for each primal variable, vij and fij, known
as orthogonality constraints. Each of the constraints of the primal problem can be
either loose or tight at optimality. The following theorem will be very helpful in



















Figure 1. A typical feasible region for SMOP.
































Theorem 3.1: The surface roughness constraint must be tight at the optimal
solution.
Proof: Suppose that, at an optimal solution, the surface roughness constraint is
loose. Then, the corresponding dual variable for the surface roughness constraint,
Y7, is zero due to the complementary slackness conditions. When Y7¼ 0, dual
constraints (10) and (11) and the dual non-negativity constraints cannot be satisfied
at the same time since j > j > 1 and b > c > 0 due to Gorczyca (1987) (this means
that an increasing cutting speed or feed rate always requires more machine power
and tool usage). Moreover, machine power and tool life are more sensitive to
changes in the cutting speed than the feed rate, yielding b > c > 0 and j > j > 1.
Consequently, the dual problem is infeasible when Y7¼ 0. This proves that, at
optimality, the surface roughness constraint must be tight. œ
Having shown that the surface roughness constraint is tight at the optimal
solution for the SMOP, the next step is to see how the objective function and its
terms behave with respect to the surface roughness constraint. Figure 2 shows the
machining cost, tooling cost, PM cost and total cost as a function of the cutting
speed. We know that the machining cost, tooling cost and PM cost functions are
convex. Then, our objective function, being the sum of convex functions, is also
convex.
In figure 1, suppose that we are moving along the surface roughness constraint
in the direction where both the cutting speed (v) and the feed rate ( f ) increase.
If v and f increase, then tm decreases, and therefore the machining cost decreases.
The tooling cost increases because Uij increases, since j,j > 1. The PM cost









Figure 2. Different cost terms for SMOP versus cutting speed.
































This is because, even if we keep the machine idle, we have to pay for its PM in
order to keep it ready to operate. Also, this form shows that, at cutting speeds,
equivalently for lower processing times, the marginal increase in the PM cost is
higher. Since we added the PM cost term to the objective function of the SMOP,
the number of terms in the geometric program increased by 2. This increased the
degree of difficulty of the geometric programming formulation to four. Therefore,
the problem is harder than that without a PM cost term in the objective function.
For this new problem, we have provided a new solution method as discussed
below.
4. Solution procedure
As a result of theorem 3.1, we know that the surface roughness constraint is always
tight at optimality. Using this, we obtain a one-dimensional cost function for the
surface roughness constraint since we can derive an analytical expression for the feed





1=h due to theorem 3.1,
























Since the objective is a convex function and due to the fact that we cannot
find an explicit closed-form expression for the optimal cutting speed, we can
use any one-dimensional search algorithm, such as the Golden Section
Algorithm (GSA) or bisection method, to determine the optimal solution.
A more detailed discussion on the GSA and bisection method can be found in
Bazaraa et al. (1993).
To apply a line search algorithm, we first find an upper bound and a lower
bound for the optimal cutting speed, vopt. The objective function is the sum of
two convex functions: the PM cost and the machining plus tooling cost. Let vmþt
be the cutting speed that minimizes the machining plus tooling cost. We could
have an upper bound on vopt, which is vmintm. vmintm is the cutting speed that
corresponds to the minimum processing time achievable for each operation.
Therefore, there are two possibilities: either we find a search interval including
vopt or we conclude that vopt ¼ vmintm. Since we use the same algorithm for each
operation, we will omit the indices (i, j) from the algorithmic description for the
sake of clarity and simplicity.
The proposed algorithm for solving the SMOP is as follows.
. Step 1. Find the (v, f ) pair where both the surface roughness and the
machine power constraints are tight. this corresponds to point B in
figure 1(a). Using the equalities for both constraints, the corresponding














































. Step 2. Find the (v, f ) pair where both the surface roughness and the tool















. Step 3. Determine the cutting speed for the minimum processing time,
vmintm ¼ minfvA, vBg.
. Step 4. If M 0ðvmintmÞ  0, then vopt ¼ vmintm (Case 1 in figure 3), and go to
Step 8. Else, go to Step 5.
. Step 5. Relax the tool life and machine power constraints and find the (v, f )
pair that minimizes the machining plus tooling cost on the surface roughness
constraint. Since the surface roughness constraint is tight we can write f in
terms of v as in Step 4. Due to Akturk and Avci (1996), by using the expres-
sion for f, we can derive the objective function on the surface roughness
constraint. By taking the derivative of this function for v and setting it to







hðj  1Þ  gðj  1Þ
 h=ðhjgjÞ
: ð15Þ
. Step 6. Find the search interval for the cutting speed (vu, upper limit; vl,
lower limit) to apply the line search algorithm:
















Figure 3. Possible search intervals to perform GSA.
































else if M0ðvmþtÞ < 0, then vl ¼ vmþt and vu ¼ vmintm (Case 3 in figure 3),
else if M0ðvmþtÞ < M
0
ðvmintmÞ, then vl ¼ 0 and vu ¼ vmþt (Case 4 in figure 3).
. Step 7. The optimal solution to this problem is obtained by applying
any one-dimensional search procedure over all possible values of v.
For example, according to the bisection method (Bazaraa et al. 1993),
the optimal value of v can be found in log½ðvu  vlÞ= iterations within
an accuracy of .
. Step 8. Having found the optimal cutting speed, determine the correspond-
ing feed rate and tm on the surface roughness constraint.
In the first three steps of the proposed algorithm, we find vmintm. This is the
cutting speed that gives the minimum processing time on the surface roughness
constraint (the lower bound on the processing time, but the upper bound on the
cutting speed for each operation). To find vmintm, we should consider two different
cases. One is where vmintm is at the point where both the surface roughness and
the machine power constraints are tight (Step 1). The other case is where vmintm is
at the point where both the surface roughness and the tool life constraints are tight
(Step 2). Figures 1(a) and (b) present these two cases, respectively. In Step 3, we
determine vmintm.
In Step 4, we check if vmintm is the optimal cutting speed or not. If so, then we do
not need to apply any search because vmintm is the optimal cutting speed. This step
covers Case 1 of figure 3. In Step 5, we find vmþt. We find a search interval to perform
the line search in Step 6. In Step 6, Cases 2–4 of figure 3 are considered. In Step 7,
the line search algorithm is applied to find vopt. Finally, in Step 8, we calculate the
optimal f and the corresponding optimal tm values.
5. Numerical example
In this section we provide a numerical example to demonstrate the proposed solution
procedure. We have a manufacturing operation i with Di¼ 8, Li¼ 6, di ¼ 0:08 and
Si¼ 300. We use cutting tool j with j ¼ 3:9, j ¼ 1:30, j ¼ 1:1 and Cj ¼ 125 321 000
to process this operation. The tool replacement time is tr ¼ 1. The technological
coefficients of the machine power constraint are b¼ 0.91, c¼ 0.78, e¼ 0.75 and
Cm ¼ 2:394. The surface roughness-related coefficients are g ¼ 1:52, h¼ 1.004,
l¼ 0.25 and Cs ¼ 204 620 000. We have the PM index function coefficients A¼ 10,
B¼ 15, T¼ 2000 and k¼ 2.5. The cost of a PM visit is CPM ¼ 15. The operating cost
is Co ¼ 0:1 and the tool cost is Ct ¼ 6. We consider a CNC turning machine with a
maximum horsepower of H ¼ 15.
In Step 1 we find vB ¼ 692 and fB ¼ 0:06, where the surface roughness and
machine power constraints are tight. In Step 2 we find vA ¼ 874 and fA ¼ 0:08,
where the surface roughness and tool life constraints are tight. In Step 3 we set
vmintm ¼ 692. In Step 4 we find that M
0
ðvmintmÞ ¼ 0:014, therefore vmintm is not the
optimal cutting speed and we move to Step 5. In Step 5 we find the cutting speed that
minimizes the machining plus tooling cost on the surface roughness constraint:
vmþt ¼ 307. In Step 6 we determine the upper and lower bounds of the interval the
line search will be applied on. Since vmintm > vmþt we find M
0
ðvmþtÞ ¼ 0:00007.
We then conclude that vmþt < vopt < vmintm and set vl ¼ 307 and vu ¼ 692.
































In Step 7 we implement a line search algorithm to find the optimum cutting speed,
which is vopt ¼ 310, and then we calculate the optimum feed rate fopt ¼ 0:02 and the
corresponding tm ¼ 2:37. At this point, the total cost of this manufacturing
operation is 0.44, the tool usage is 0.03 and the PM index is 0.0009. For the con-
tinuous production of a single item, the expected time between two tool replacements
would be 79min, whereas the time between two PM visits would be (2.37/0.0009) ¼
2633min (or under the assumption of 480min/day, 5.5 days).
Let us now demonstrate how these results can be implemented in practice.
The machining settings of a CNC machine are very easy to change by a single line
in a G code or in an APT language. The feed rate is the speed of the cutting tool
moving along the part profile or from one point to another. It is defined as the
distance (in inches or millimeters) that the tool moves in 1min or in one revolution
of the machine tool spindle. In this paper, we measured the feed rate in inches per
minute (ipr). For example, the following G code will be included in the NC program
to set the feed rate:
G99 F0:02;
in the APT language, we have to add the following statement:
FEDRAT=0:02, IPR
On the other hand, in any CMMS application (such as MAXIMO), we have
to keep track of the accumulated PM indices for each CNC machine. As a result,
we can automatically generate the PM requests based upon the operating
conditions of the CNC machine, thus bringing down the cost of maintenance
operations while avoiding unnecessary maintenance (this might happen if we
maintain every CNC machine with a fixed interval between visits as in regular
PM activities as opposed to condition-based maintenance). Another benefit could
be improved availability of the CNC machines (resulting from reduced or elimi-
nated machine breakdowns). Consequently, the proposed PM index function for
each manufacturing operation can be used to provide an intelligent CNC machine
degradation assessment.
6. Computational results
In this study, besides the new machining conditions-based PM approach, we have
discussed a new machining conditions selection problem for the turning operation.
In this section we investigate how the scheduling decisions on a single CNC machine
can change with respect to a different performance measure at the SMOP level.
In each case, the machining conditions of the jobs are decided by solving the
SMOP for a different objective function to demonstrate the sensitivity of the
completion times to the selected objective function.
We propose a new mathematical model of the SMOP with the objective function
of machining plus tooling plus PM costs. We call this caseMþ Tþ PM. Akturk and
Avci (1996) provided a solution method for the SMOP with the objective function of
machining plus tooling costs. We called this case MþT. For scheduling related
measures, we should consider the minimum processing time case (denoted Pl).
Another objective could be minimizing the PM cost or the PM index itself.
































Solving the SMOP to minimize the PM index given in equation (7) is a difficult
problem since it has the same degree of difficulty as in the Mþ Tþ PM case. This
is because there are four (v, f ) terms in the objective function of equation (7) and the
solution must satisfy the same set of constraints as in theMþ Tþ PM case. It is easy
to show that theorem 3.1 also holds for the problem of minimizing the PM index.
Therefore, we designed another algorithm that employs a line search algorithm to
solve this problem in our computational study. We called this case PM. The last
objective function we considered in SMOP was machining plus PM cost. This case
also has the same degree of difficulty as the Mþ Tþ PM case. Theorem 3.1 also
holds for this case, therefore we employed another algorithm to solve it in our
computational study. We call this case Mþ PM.
We consider the total completion time measure for a given set of jobs (each job
corresponds to a manufacturing operation as discussed earlier). The completion time
is a measure of the time that the job stays in the system. It is a measure of the work-
in-process inventory cost. We use the total completion time as a surrogate measure
for the different cases discussed above. For each objective function, we solve the
SMOP and determine the optimal processing time and the PM index of each opera-
tion, then we order the jobs by the shortest processing time (SPT) rule and schedule
PM visits between the jobs when needed. We also consider tool replacements and use
the expected tool usages of jobs to schedule tool replacements. In our experiments we
assume a deterministic tool replacement process. We insert tool replacement periods
in a schedule so that, between two tool replacements, the total expected tool usage of
jobs cannot exceed 1. There could be some CNC machines that allow off-line tool
replacements, for which tool replacement times can be negligible. But, in general,
tool replacement times are significantly shorter than the PM visit durations. Having
formed a schedule for each case, we evaluate the total completion time for each
schedule. We observe how each objective function affects the total completion
time under the SPT sequence.
Figure 4 shows an example of a schedule of jobs with zero tool replacement times
for the sake of simplicity. Each job is assigned a tm and a corresponding PM index.
The jobs are ordered by the SPT rule. The sum of the PM indices of jobs 1 to 3 is
0.95, so that a PM visit is scheduled after job 3. The PM visit duration is 2, so the
completion times for the jobs are 1, 2.5, 4.5, 8.5, 11, 14 and 18, respectively. The total
completion time of the given schedule is 59.5; 51.5 of this value is due to the proces-
sing times of the jobs and is called the processing time effect; 8 of this value is due to
the PM visit duration and is called the PM effect. When we increase the cutting
parameters v and f the processing time is decreased, whereas the PM index is
increased. There is a trade-off between the processing time effect and the PM
effect. Decreasing the processing times will increase the PM indices, which may
result in a longer total completion time.
1 2 3 PM 4 5 6 7
tm 1 1.5 2 2 2.5 3 4
PM index 0.4 0.3 0.25 0.25 0.2 0.15 0.1
Figure 4. A Schedule with a PM visit.
































We used three experimental factors in our computations as listed in table 1, and
each factor has two possible values. It is a 23 full factorial design. Ten replications of
each factorial setting are taken, resulting in 80 different randomly generated runs.
The first experimental factor in table 1 is pm, the PM visit duration. It is the time
that the machine is not available during a PM visit. It strongly influences the total
completion time of a given schedule, as discussed above. The other two experimental
factors are A and B, which are the coefficients for the PM index function.
We generated 2000 jobs for each run. The parameters used to generate jobs are
given in table 2.
Table 3 summarizes the minimum, average and maximum values of the
completion time for each objective function at different levels of pm. In this table,
level 1 and level 2 of pm are represented by 1 and 2, respectively, where the results
are averaged over 40 runs. On the other hand, the overall results over the 80
randomly generated runs are given in the ‘Total’ row. From table 3 we can see
that the minimum average total completion time is achieved by the proposed
Mþ Tþ PM objective function. We can also see that, rather than minimizing
processing times or minimizing PM indices of jobs independently, considering the
machining, PM and tooling costs simultaneously improves the total completion
times. This is due to the fact that, by considering these costs, we balance the
processing time effect, the PM effect and the tool replacement effect on the total
completion time objective. This means that decreasing tooling and/or PM costs
necessitates longer processing times, whereas decreasing machining costs necessitates
shorter processing times. We conclude that the total completion times for all settings
are strongly affected by the pm level due to the analysis of variance (ANOVA)
Table 2. Technical coefficients and parameters.
 4.2 Co 0.5
 1.65 Ct 1.25
 1.2 S UN[300, 500]
C 56 158 018 D UN[2.5, 4]
b 0.9 L UN[5, 9]
c 0.78 d UN[0.025, 0.3]
e 0.65 H 10
Cm 1.706 T 2000
g 1.54 k 2.5
h 1.04 CPM 10
l 0.32 Cs 211 825 000
tr 1
Table 1. Experimental design factors.
Factor Definition Level 1 Level 2
pm PM duration 30 90
A PM function parameter 10 20
B PM function parameter 30 45








































































































































































































































































































































































































































































































































































































































































































































































































































































results, which can be seen in table 4. Our computational experiments indicate
that considering the machining conditions in PM decisions not only influences
the manufacturing costs but also affects the scheduling performance of a CNC
machine.
7. Concluding remarks
In this paper we present a new condition-based maintenance approach for CNC
turning machines. This approach aims to link the operating conditions decisions
with maintenance decisions, which will improve maintenance performance and
machine utilization. While making the PM decisions, a higher level problem in
the decision making hierarchy, our model handles the tool replacement decisions,
a lower level decision-making problem, using the failure replacement strategy.
The developed model can be used as a PM planning tool for CMMS software.
An important question in the current literature on condition-based maintenance is
how to measure the performance degradation of machines. If degradation can be
measured, then corrective maintenance activities can be performed before a failure
occurs. We have established a mathematical relationship between the machining
conditions (or production rate) and the PM needs of a machine. With the help of
the proposed PM index we can change the maintenance strategy from the current
mean-time-between-failure (MTBF) practices to a more intelligent technology that
is based on the operating conditions of the CNC machine. Furthermore, we
extend the classical SMOP formulation by adding a PM cost term to the objective
function, which enables us to include maintenance considerations when making
machining conditions decisions. We develop an algorithm to solve this new
problem. Finally, we investigate the impact of considering different objective
functions in the SMOP on the scheduling performance. As automated systems
require effective maintenance management we can consider this study as an
attempt to provide this.
Although our analysis has been performed for a specific PM index function which
we have derived for a certain PM costing scenario, we believe that the results can
easily be extended to a general type of convex decreasing PM index function that
does not violate the geometric programming structure of SMOP. As a future
research direction, we will consider the total completion time problem for a single
CNC machine with controllable processing times where we have a machine
availability constraint due to PM visits.
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